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Abstract
Recent studies have shown a phylogenetic signal in the structure of ecological networks,2
making the point that past evolutionary history is important in explaining network
architecture. However, this previous work has focused on either antagonistic, i.e.,4
predator-prey, or mutualistic networks, and has used dierent methodologies. Thus, a
comparative assessment of both the frequency and strength of phylogenetic signal across6
network types and components of network structure has been precluded. Here, we address
this issue using a data set comprising 60 antagonistic and mutualistic networks. By8
quantifying simultaneously the matching and centrality components of network
architecture—capturing the modular and nested structure, respectively—we test the presence10
and quantify the strength of phylogenetic signal across network types, species sets, and
components of network structure. We nd contrasting dierences across such groups. First,12
phylogenetic signal is stronger in antagonistic than in mutualistic webs. Second, resources are
more strongly constrained than consumers in food webs, while animals show more14
constraints than plants in mutualistic networks. Third, phylogenetic constraints are stronger
for the matching than the centrality component of network structure. These results can shed16
light on the contrasting evolutionary constraints shaping network structure across interaction
types and species sets.18
2
Introduction
In the last few years, ecologists have started incorporating phylogenetically-based methods in20
ecological research (Webb et al., 2002; Helmus et al., 2007; Mouquet et al., 2012). Specically,
when studying ecological networks, they have concluded that network patterns have a22
phylogenetic signal and that, therefore, one can not fully understand network architecture
without considering the evolutionary history of constituent species (Cattin et al., 2004;24
Rossberg et al., 2006; Rezende et al., 2007a,b; Bersier and Kehrli, 2008; Rezende et al., 2009;
Rohr et al., 2010; Naisbit et al., 2012; Eklof et al., 2012; Mouquet et al., 2012). These studies26
have immediate implications for our understanding of network assembly (Cattin et al., 2004;
Rossberg et al., 2006), the rate at which evolutionary history is lost as the networks28
disassemble (Rezende et al., 2007a), and which ecological variables best correlate with network
structure (Rezende et al., 2007b; Bersier and Kehrli, 2008; Petchey et al., 2008; Rohr et al., 2010;30
Naisbit et al., 2012; Eklof et al., 2012). They also pave the road towards a predictive assessment
of the network-wide consequences of biological invasions (Ives and Godfray, 2006).32
The above studies were addressing either food webs (here refereed to as antagonistic
networks) or mutualistic networks, targeted dierent components of network structure (e.g.,34
species degree, trophic similarity), and employed dierent methodologies (e.g., Bloomberg et
al.’s K , Mantel tests). This has precluded an assessment of whether the amount of36
phylogenetic signal is similar across network types, species sets, and components of network
structure. The aim of the present paper is to provide a general framework to examine the link38
between phylogeny and network structure.
Our rst step is choosing a model that can be applied to either directed networks—here40
represented by food webs—or bipartite networks—here represented by mutualistic webs. This
model has to be versatile in capturing simultaneously the nested and the modular structure of42
these networks, the two major structural properties found in mutualistic networks and food
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webs, respectively (Bascompte et al., 2003; Olesen et al., 2007; Thébault and Fontaine, 2010;44
Fortuna et al., 2010).
We are using the matching-centrality model that captures simultaneously the modular and46
nested structure, by tting at the same time the matching and centrality components of
network architecture (Rohr et al., 2013). In this model, each species is characterized by two48
traits: one trait of matching and one trait of centrality. These traits quantify the position of
the species in the network; the matching trait quanties the assortative pattern and thus is50
able to capture the modular structure, while the centrality trait quanties the variability in
degree and thus captures the nested structure (Figure 1). The matching and centrality traits52
are not species’ traits measured on organisms; they are inferred from the network itself. The
power of the matching-centrality model is to t simultaneously both components of network54
structure in both network types.
Intuitively, if species’ traits explain network architecture, then they should be related to the56
matching and centrality traits. A typical example of a matching trait in a plant-frugivore
network could be the size of the seed and the size of the bird’s beak; these two traits have to58
match as much as possible to optimize the chance of a mutualistic interaction between that
plant and that bird. We could also think on the length of a pollinator’s proboscis that has to60
match the length of the ower’s corolla. A second example of a matching trait could be
phenology. Indeed, the phenology of both species has to overlap to increase the probability62
for the two species to interact. Phenology could also be a centrality trait, since the longer is
the species present in that location, the higher the number of its mutualistic partners and, in64
turn, the larger is its centrality value. In the present manuscript we are comparing the
phylogenetic signal across network types and architecture components. Although the66
presence of phylogenetic constraints is not a formal proof that the matching and centrality
traits are linked to species’ traits, it is a good indication of this correspondence.68
Our second step consists in tting the matching-centrality model to a data set of 60 networks
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including food webs and mutualistic networks. These ts provide—independently for each70
network—the estimated traits of matching and centrality of all interacting species. Our nal
step consists in testing the presence and quantifying the strength of phylogenetic signal in the72
above network traits. This will allow us to determine in which type of network phylogenetic
constraints are stronger, and to compare these constraints between component types74
(matching and centrality) and species sets (animals, plants, prey, and predators).
Materials and Methods76
Data Sets
Our data set includes 12 food webs, 19 plant-frugivore webs, and 29 plant-pollinator webs.78
The food webs are extracted from the data base of Brose et al. (2005); specically, here we use
the networks for which the trophic interactions were determined from direct observation, as80
has been previously done by Rohr et al. (2010) and Naisbit et al. (2011, 2012). Both the
plant-frugivore and the plant-pollinator webs were extracted from the recently complied data82
set by Rezende et al. (2007b).
For the food webs, we used taxonomy as a proxy for phylogeny. Taxonomic information was84
mainly retrieved from the Integrated Taxonomic Information System (www.itis.gov).
Taxonomic trees were constructed according to 18 levels from species to kingdom. The86
distance between two species is given as twice the number of taxonomic levels at which they
dier. Further information can be found in Naisbit et al. (2012). For the mutualistic networks88
we used the same phylogenies complied by Rezende et al. (2007b) and based on DNA
sequences; plant phylogenies have been compiled using Phylomatic, while insect phylogenies90
are based on the Tree of Life.
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Matching-centrality model92
Let Aij be the adjacency matrix of a web, i.e., Aij = 1 if there is an interaction between
species i and j, and Aij = 0 otherwise. In mutualistic networks, i represents plants while j94
represents animals, and Aij = 1 if animal j pollinates or disperses the seeds of plant i. In food
webs, i represents the species viewed as a resource while j represents the species viewed a96
consumer, and Aij = 1 if prey i is eaten by predator j.
The aim of the matching-centrality model is to infer simultaneously the nested and modular98
structure of antagonistic and mutualistic networks (Rohr et al., 2013). The probability of
establishing a link between species i and j, denoted by P (Aij = 1), is modeled as a function100
of their matching traits, denoted by vi and fj , and their centrality traits, denoted by v∗i and f ∗j .
Each plant, pollinator, prey, and predator is characterized by one trait of matching and one102
trait of centrality.
The model is implemented so that the closer are the matching traits of two species, the higher104
is the probability that they are linked. Similarly, the higher the centrality trait of a species, the
higher is the probability that this species establishes links. In other words, the matching traits106
quantify the assortative pattern, and the centrality traits quantify the species
generality/specicity. The formula of the model is given by (Rohr et al., 2013):108
logit(P (Aij = 1)) = −λ(vi − fj)2︸ ︷︷ ︸
matching term
+ δ1v
∗
i + δ2f
∗
j︸ ︷︷ ︸
centrality term
, (1)
where λ, δ1, and δ2 are positive parameters providing the relative importance of matching,
centrality for the resources or plants, and centrality for the consumers or animals,110
respectively. In the case of food webs, the denomination of these traits has a meaning: v
represents the vulnerability of prey, while f represents the predator’s foraging. As in the112
matching model (Rossberg et al., 2006), the foraging traits have to match as close as possible
the vulnerability trait in order to maximize the probability of a trophic link. The same formula114
6
for the right side was rst proposed by Rossberg et al. (2010b; 2013) when studying
interaction strength in food webs, and used later on in the context of the niche dimensionality116
in food webs (Rossberg et al., 2010a; Brännström et al., 2011) . However, we derived our model
within a more restricted framework that the more general one used by Rossberg et al.(2010b;118
2013). This naturally results in constraints on our matching and centrality traits. Such
constraints reduce the degrees of freedom and, therefore, the traits are uniquely dened. We120
provide a complete mathematical derivation in the Online Appendix A.
The nested structure (if this structure is present) is captured by the centrality traits, while122
modularity (if this structure is present) is embedded in the matching traits. Figure 1 represents
four simulated matrices of linking probabilities generated by the matching-centrality model.124
In gure 1b, we assume that only the centrality term is present (i.e., λ = 0), and the species
are ordered according to their centrality traits. A nested structure appears clearly in the126
linking probabilities, thus the model is perfectly tailored to t highly nested networks. In
gure 1a, the centrality term is equal to zero (i.e., δ1 = 0 and δ2 = 0), and the matching traits128
are uniformly distributed. When species are ordered according to their matching traits, a
diagonal structure appears clearly. Now, if we assume that the matching traits are aggregated130
into clusters, as we can see on gure 1c, the modular structure appears in the diagonal. Thus,
the matching centrality model is very exible and can infer networks whose architecture is a132
mixture between nestedness and modularity, as illustrated by gure 1d (see also Lewinsohn
et al. (2006)). This is an important property for a candidate model to t both food webs and134
mutualistic networks.
There already exist dierent methods to quantify the phylogenetic signal in ecological136
networks. For example, we can quantify the dietary or predatory similarity in food webs
(Cattin et al., 2004; Bersier and Kehrli, 2008; Naisbit et al., 2012) or the ecological similarity in138
mutualistic networks (Rezende et al., 2007b) and then use a Mantel correlation to test for a
phylogenetic signal. These approaches have advanced our knowledge on the phylogenetic140
7
constraints, but they are limited in the sense of looking only at a particular level (prey,
predators, animals or plants). Here, by inferring the traits of matching and centrality, we go a142
step forward and look also at the component of network architecture.
As each species is characterized by a matching and a centrality traits, the number of144
parameters to be estimated scales twice the number of species. Moreover, the logit of the
linking probability is not a linear function, as is normally the case. Thus, its inference is a146
complex task. The non-linearity of the model implies that the traditional deterministic
optimization algorithm for nding the maximum likelihood estimator may not work; a148
stochastic algorithm is more adequate. Thus, here we take advantage of a Bayesian
framework and use a Monte-Carlo Markov chain approach. The posteriors distribution of the150
matching and centrality traits are sampled using a Metropolis-Hastings algorithm (Gilks et al.,
1996). We used the mean value as a point estimator.152
Quantifying phylogenetic signal
Detecting phylogenetic signal in species traits consists in nding whether traits of154
phylogenetically related species are more similar than expected by chance. Several methods
have been used to deal with continuous traits. Among them are Blomberg’s K-statistic156
(Blomberg et al., 2003), phylogenetic regression (Grafen, 1989), or simply Mantel test (Cattin
et al., 2004; Rezende et al., 2007b). Here we use these three approaches in a complementary158
way.
Frequency of phylogenetic signal160
In order to test the presence of a phylogenetic signal, we combine the K-statistic and
phylogenetic regression in a two-step procedure. First, we t the matching and centrality162
traits using phylogenetic regression with Grafen’s ρ structure (Grafen, 1989). Second, based
on the regression output, especially the ρ parameter, we transform the branch height (h) of164
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the original phylogenetic tree to hρ. Finally, we used our transformed phylogenetic tree to test
the presence of the phylogenetic signal using Blomberg’s K-statistic. Note that this is done166
independently for each network and matching and centrality traits. This method has three
advantages. First, we used the higher power of the K-statistic (compared to a log-likelihood168
ratio test or a Mantel test) (Blomberg et al., 2003). Second, the non-linear transformation of
the branch height allows us to better fulll the normality assumption of the K-statistic and170
thus to reduce a potential bias in detecting phylogenetic signal. Third, this branch height
transformation has also the advantage of making these results independent of the technique172
used to assign the branch length of the original phylogenetic tree, thus making the results
comparable between food webs and mutualistic networks.174
Strength of phylogenetic signal
We quantify the strength of the phylogenetic signal using the Mantel correlation coecient176
(Cattin et al., 2004; Rezende et al., 2007b; Rohr et al., 2010; Naisbit et al., 2012). As distance
matrices, we use the pairwise Euclidian distance matrix in the matching and centrality traits178
(Rohr et al., 2010), and the matrix of pairwise distances on the phylogenetic tree (Cattin et al.,
2004; Rezende et al., 2007b; Naisbit et al., 2012). The Mantel correlation coecient has also the180
advantage of having a low sensitivity to the branch length of the phylogenetic tree, making
the comparison between food webs and mutualistic networks reasonable.182
Results
Matching vs. centrality184
Figure 2 shows the relative contribution of the centrality and matching terms. For each web,
we represent the relative contribution of the prey/plant centrality term over the matching186
term (log(δ1/λ)) versus the relative contribution of the predator/animals centrality term over
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the matching terms (log(δ2/λ)). For networks located on the top-right, the overall188
contribution of the centrality term over the matching term is more important in explaining
the architecture of the network, and vice versa for webs located on the bottom-left. Food webs190
are mainly located on the bottom-left, while mutualistic networks are mainly located on the
top-right (t-Test: p-value ≤ 0.001 on both log(δ1/λ) and log(δ2/λ) axes). This proves that in192
general, the matching term, i.e., the modular structure, plays a more important role in
describing food web structure, while mutualistic networks are best described by the centrality194
component, i.e., the nested structure (see also Thébault and Fontaine (2010)). However, there
is an overlap area in the middle.196
Phylogenetic signal
For each web, we measured the strength and tested the presence of phylogenetic signal into198
the tted matching and centrality traits. Figure 3 depicts the strength—measured by the
Mantel correlation coecient—and the signicance—based on the K-statistic—of the200
phylogenetic signal into the matching and centrality traits for each network type.
Regarding the frequency of phylogenetic signal, we found a signicant phylogenetic signal (at202
a level α = 0.05) both in the matching or the centrality traits of the plants, animals, prey, or
predators in all food webs and in 63% of the mutualistic webs. This dierence is signicant204
with a p-value of 0.029. If we split the mutualistic networks into plant-pollinator and
plant-frugivore webs, then the percentages of networks with a signicant phylogenetic signal206
are 79% (for plant-pollinators) and 37% (for plant-frugivores). The dierence between
food-webs and plant-pollinators is not signicant (p-value = 0.223), but the dierences208
between food-webs and plant-pollinators on one hand, and plant-frugivores, on the other
hand, are signicant (p-value = 0.002 and 0.008, respectively). Thus, the main driver of the210
fewer cases of signicant phylogenetic signal in mutualistic networks are the plant-frugivore
webs.212
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Figure 4 provides a summary of the presence of phylogenetic signal according to the type of
web, species, and traits. Overall, we found a signicant dierence between matching and214
centrality traits (p-value = 0.004). Specically, a phylogenetic signal is more often present in
the matching traits than in the centrality traits. We found a second asymmetry in the216
matching traits between food webs and mutualistic networks. For the former, the rate of
signicant phylogenetic signal is higher for prey than for predators (p-value = 0.007), while in218
mutualistic networks the rate of signicance is higher for animals than for plants (p-value =
0.011).220
Turning to the strength of phylogenetic signal (gure 5, table A1-A2), we found the same
general pattern as for its presence. This is not surprising, as we can expect that the higher are222
the phylogenetic constraints, the easier is to detect them. In general we found a higher
correlation in matching traits than in centrality (table A1). Thus, traits determining the224
modular component are more phylogenetically constrained than traits quantifying the nested
component in all types of networks.226
In food webs, phylogenetic constraints are stronger in the matching traits of the prey than in
the other traits/species sets, while in mutualistic network the matching traits of animals228
exhibit the strongest phylogenetic constraints (table A1). Regarding the dierence between
food webs and mutualistic networks, phylogenetic constraints are always stronger in the230
former (table A2).
However, the dierence in the frequency of signicant phylogenetic signal between232
plant-pollinator and plant-frugivore networks does not hold for the strength of such a
phylogenetic signal. As plant-frugivore networks are smaller that plant-pollinator ones in our234
dataset, a power issue cannot be excluded. Thus, this specic results on the rate of
signicance should be taken with caution.236
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Discussion
In this paper, we have found three contrasting patterns regarding dierences in phylogenetic238
signal in ecological networks. First, phylogenetic constraints are stronger in antagonistic than
in mutualistic networks. Second, the matching component exhibits a stronger phylogenetic240
signal than the centrality component, across network types. Third, prey are more
phylogenetically constrained than predators in food webs, while animals are more242
constrained than plants in mutualistic networks.
We have also found that the matching component is relatively stronger than the centrality244
component in food webs, while the opposite happens in mutualistic networks. This result is
no so surprising as it has already been pointed out that food webs are more modular than246
nested and mutualistic networks are more nested than modular (Thébault and Fontaine, 2010;
Fortuna et al., 2010). This is an indirect conrmation that our matching and centrality traits248
are quantifying species position in the modular and the nested component, respectively. It has
been shown that this dierence in component of network architecture has dynamical250
consequences. Thus, modular food webs are know to be more persistent (Stouer and
Bascompte, 2011), while nestedness promotes biodiversity in mutualistic networks (Bastolla252
et al., 2009; Thébault and Fontaine, 2010). This dierence in network architecture is also
compatible with coevolutionary theory (Thompson, 2006; Guimarães Jr et al., 2011; Nuismer254
et al., 2013). Specically, antagonistic coevolution between prey and predators may lead
towards an arms-race escalation generating modules of species sharing some defenses and256
counter defenses. Mutualistic interactions, on the other hand, may lead to nested networks
through the combination of complementarity and convergence of traits (Thompson, 2006).258
Regarding our rst result, namely a stronger eect of past evolutionary history on food webs
than in mutualistic networks, this can be explained by the dierent taxonomic heterogeneity260
between these two types of networks. Thus, food webs may encompass organisms quite
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dierent across the evolutionary tree as for example higher plants, arthropods, and birds. In262
turn, mutualistic networks tend to contain a smaller diversity of taxonomic groups, such as
for example insects in plant-pollinator and frugivorous birds in plant-dispersal.264
Regarding the second result, namely, a stronger phylogenetic constraint in the matching than
in the centrality component, we could presume coevolution as a potential explanation for this266
dierence. First, we can argue that if coevolution is an important driving force shaping the
structure of these networks (Thompson, 2006; Guimarães Jr et al., 2011; Nuismer et al., 2013),268
it should induce a phylogenetic signal in the matching component. Since centrality traits
quantify the generality/specicity of the species, we can argue that they are not only a270
function of the target species, but also of its mutualistic partners or prey/predators. Thus, we
can expect to nd less phylogenetic signal into the centrality traits. This, however, needs a272
more rigorous testing, and future studies simulating plain evolution versus truly coevolution
in these networks could shed light in this direction.274
Finally, our last nding is that prey are more phylogenetically constrained than predators in
food webs, while animals are more constrained than plants in mutualistic networks. Bersier276
and Kehrli (2008) have pointed out this asymmetry for food webs, while Rezende et al. (2007b)
independently found a similar asymmetry in mutualistic networks. Surprisingly, these two278
asymmetries are going in opposite directions. This is so because one usually considers
animals as consumers (predators) and plants as resources (prey) in mutualistic networks (e.g.,280
see Pires et al. (2011)), so if prey are more phylogenetically constrained in food webs, we could
expect the same for plants in mutualistic networks. This result suggests that mutualistic282
networks, despite being also a representation of consumer-resource webs, are quite dierent
from traditional food webs. While in the latter the interaction is +/- with one species gaining284
and the other losing from the interaction, in mutualistic networks the interaction is +/+. This
important dierence could explain the contrasting patterns in the magnitude of phylogenetic286
signal. Mutualistic networks are a unique type of ecological network.
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Studies of ecological networks have beneted in the last few years from the incorporation of288
phylogenetically-based methods. This has provided a link between current network
architecture and past evolutionary history. Our current results may be useful in expanding290
these previous fragmented results by building a unied framework where this sort of
questions can be addressed in a comparative way across dierent network types.292
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Figure 1: Sketch of network architectures inferred by the matching-centrality model.
Each panel represents the matrix of simulated linking probabilities for dierent conditions.
Color goes from light yellow to dark red as the linking probability increases. In (a) and (c),
the networks are only driven by the matching term, and the species are ordered according to
their matching traits. While in (a) the matching traits are sampled uniformly, they are clustered
into three sets in (c). In both panels, higher linking probabilities are located on the diagonal,
and specically clustered into three modules in (c). In (b), the network is only driven by the
centrality term, and the species are ordered according to their centrality traits. Note that the
linking probabilities are perfectly nested. In (d), the network is driven by both matching and
centrality traits, and the matching traits are clustered into three sets. The species are ordered
according to the cluster and within the cluster according to the centrality traits. When both
terms are present, the model is able to capture simultaneously the modular and nested structure
of the networks.
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Figure 2: Relative importance of the centrality versus the matching component across
network types. For each web, we represent on the horizontal axis the relative importance of
the centrality for the plants/prey on the matching term (log(δ1/λ)). Similarly, the vertical axis
indicates the relative importance of the centrality for the animals/predators relatively on the
matching term (log(δ2/λ)). Webs located on the top-right of the graph have a higher relative
contribution of the centrality term (i.e., the nested structure), while webs located on the bottom-
left have a higher relative contribution of the matching term (i.e., the modular structure). The
size of the points is proportional to the number of species.
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Figure 3: Strength of phylogenetic signal into the matching and centrality traits. For
each type of web and species set, we provide the strength of the phylogenetic signal found in
the matching and centrality traits as function of the number of species. Solid symbols represent
a signicant phylogenetic signal (at a level of α = 0.05)
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Figure 4: Presence of phylogenetic signal into the matching and centrality traits. For
each type of web and species set, we provide the percentage of signicant p-values (at a level
of α = 0.05) found in the matching and centrality traits.
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Figure 5: Mean phylogenetic strength into the matching and centrality traits. For each
type of web and species set, we provide the mean phylogenetic strength found in the matching
and centrality traits.
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